Visual expertise is usually defined as the superior ability to distinguish between exemplars of a homogeneous category. Here, we ask how real-world expertise manifests at basic-level categorization and assess the contribution of stimulus-driven and top-down knowledge-based factors to this manifestation. Car experts and novices categorized computer-selected image fragments of cars, airplanes, and faces. Within each category, the fragments varied in their mutual information (MI), an objective quantifiable measure of feature diagnosticity. Categorization of face and airplane fragments was similar within and between groups, showing better performance with increasing MI levels. Novices categorized car fragments more slowly than face and airplane fragments, while experts categorized car fragments as fast as face and airplane fragments. The experts' advantage with car fragments was similar across MI levels, with similar functions relating RT with MI level for both groups. Accuracy was equal between groups for cars as well as faces and airplanes, but experts' response criteria were biased toward cars. These findings suggest that expertise does not entail only specific perceptual strategies. Rather, at the basic level, expertise manifests as a general processing advantage arguably involving application of top-down mechanisms, such as knowledge and attention, which helps experts to distinguish between object categories. Keywords: object recognition, categorization, visual cognition, expertise Citation: Harel, A., Ullman, S., Harari, D., & Bentin, S. (2011). Basic-level categorization of intermediate complexity fragments reveals top-down effects of expertise in visual perception. Journal of Vision, 11(8):18, 1-13, http://www.journalofvision.org/content/11/8/18, doi:10.1167/11.8.18.
Introduction
Visual expertise is traditionally defined as a superior skill in the discrimination of similar members of a homogenous category (Diamond & Carey, 1986; Tarr & Gauthier, 2000) . Usually, expertise encompasses a very specific object category. For example, car experts can easily distinguish between similar models of modern cars, but they do not easily distinguish between similar models of antique cars (Bukach, Philips, & Gauthier, 2010) . Several accounts for the acquisition of expertise have been suggested (for a review, see Palmeri, Wong, & Gauthier, 2004) . For example, a widely cited account suggests that attaining expertise involves changing object perceptual representations from part-based in novices to holistic/ global representations in experts, as well as changing processing strategies from focusing on features to computing the spatial relations between the features, that is, configural processing (Bukach, Gauthier, & Tarr, 2006; Gauthier & Tarr, 2002) . According to this view, holistic representations and configural processing allow experts to overcome inherent difficulties in discriminating similar objects and eventually lead to the automatic categorization of objects of expertise at their subordinate level identity. For example, Gauthier and Tarr (2002) suggested that learning to distinguish among individual exemplars of an artificial category of objects ("Greebles") is associated with an increase in sensitivity to configural information as well as with a greater inability to process a part of an individual Greeble without processing its other parts (but see McKone, Kanwisher, & Duchaine, 2007 for a critical reevaluation of the findings of these studies).
Despite the hallmark property of visual expertise, which is fast and accurate categorization at the subordinate level (Tarr & Gauthier, 2000) , prior studies report that expertise might also be consequential at basic-level categorization (Harel & Bentin, 2009; Hershler, Golan, Bentin, & Hochstein, 2010; Hershler & Hochstein, 2009; Johnson & Mervis, 1997; Scott, Tanaka, Sheinberg, & Curran, 2006 Wong, Palmeri, & Gauthier, 2010) . However, whereas relatively much is known about the information processing strategies characteristic of expert subordinate categorization, less is known about the information that is diagnostic for expert categorization of objects at the basic level. Does expert object recognition at the basic level depend on the automatic application of configural processing strategies, just as it is presumed for expert subordinate categorization? One approach to investigate this question is to explore whether perceptual expertise is consequential in situations that do not allow the application of holistic processing. For example, almost all people are experts with faces. Indeed, studies showed that faces are perceived holistically at least initially (e.g., Bentin, Golland, Flevaris, Robertson, & Moscovitch, 2006; Tanaka & Farah, 1993) , and configural processes are needed to recognize faces at the individual level (for a review see Maurer, Le Grand, & Mondloch, 2002) . Yet, in a recent study, we showed that expertise for faces is also evident while typical participants categorized at a basic level individual fragments of faces, which cannot be processed holistically (Harel, Ullman, Epshtein, & Bentin, 2007) .
According to the fragment-based model of object recognition (Ullman, 2007; Ullman, Vidal-Naquet, & Sali, 2002) , objects are represented in the visual cortex by a combination of image-based category-specific pictorial features called "fragments." Simply put, the fragments are image patches of different sizes extracted from a large number of images from different object categories by maximizing the amount of information they deliver for categorization. This information can be formally expressed by the equation I(C, F) = H(C) j H(CjF), where I(C, F) denotes the mutual information (MI; Cover & Thomas, 1991) between the fragment F and the category C of images, and H denotes entropy. C and F in this scheme are binary variables: F denotes whether a certain feature is found in the image and C denotes whether the image belongs to the target category C. Thus, the usefulness of a fragment for representing a category is measured by the reduction in uncertainty about the presence of an object category C in an image by the possible presence of that fragment F in the image. This value is evaluated for a large number of candidate fragments, and the most informative ones are selected. Note that in contrast to models suggesting that either local features (Mel, 1997; Wiskott, Fellous, Krüger, & von der Malsburg, 1997) or global features (Turk & Pentland, 1991) Ullman et al., 2002) .
In a previous study, we demonstrated that the seemingly abstract computational measure of MI is psychologically real with neurophysiological consequences (Harel et al., 2007) . The level of MI contained in fragments of car and face images was shown to be correlated with accuracy and speed of human categorization of these fragments as well as with the amplitude of a negative occipitotemporal ERP component peaking 270 ms post stimulus onset. Two significant findings of this study are relevant here. First, the relation between MI and the N270 amplitude was not modulated by task demands as shown by very similar patterns in explicit and implicit categorization paradigms. This outcome was taken as evidence that MI utilization is the default of the visual system, acting even in the absence of explicit intention. Second, both RT and ERP data manifested different categorization patterns for the car and face fragments as a function of the MI. Across all levels, faces were more accurately recognized than cars, putatively manifesting the natural face expertise of the participants. In addition, whereas face fragments displayed a monotonic relation between the level of MI and the RT (as well as between MI and the N270 amplitude), in car fragments this relation was in the shape of a step function, dividing the fragments into "low" or "high" in terms of their informativeness.
What drives the between-category differences in the utilization of MI? Several factors may account for the differences in MI utilization for the two fragment categories. First, any performance difference between face and car fragments may be attributed to different levels of visual experience that people have with the two categories. Since most people are experts with faces but not with cars, the difference in the utilization of information between the car and face fragments might be attributed to the different levels of expertise that our participants had with faces and cars. Specifically, typical people may have learned to extract more information from faces, utilizing in the process a broader spectrum of features. Conversely, cars may necessitate only general distinctions, sufficiently captured by "low" and "high" level features. However, the difference in MI utilization between the two categories might also reflect inherent patterns of face specificity, which, critically, are found also for single face parts (Bentin, Allison, Puce, Perez, & McCarthy, 1996; ZionGolumbic & Bentin, 2007) . To disentangle the above two accounts, another type of expertise should be included in the design. Lastly, since in our previous study we presented only fragments from the car and face categories, it is also possible that different RT curves reflect the utilization of different kinds of diagnostic features (cf. Harel & Bentin, 2009) , serving as unique "psychometric signatures" for these object categories. Put differently, it is quite possible that categorization of fragments from a third category of objects may show an altogether different pattern of response.
The goal of the present study was twofold: First, it was aimed at determining which of the above alternative accounts for the between-category differences reported in Harel et al. (2007) is correct. Second, more generally, the current study examined how visual expertise affects basiclevel categorization of IC fragments, which do not provide a holistic image of the object and cannot be configurally processed. It is important to stress that we treat expertise in the current work as a psychological, observer-dependent variable rather than a computational measure. That is, we do not assume a priori that expertise is associated with qualitatively different fragments (although it might, see Discussion section) and do not try to simulate their derivation and usage. Instead, we ask how real-world experts, who were selected independently of the current task, categorize the same car fragments that we used previously. Thus, even though expertise is usually considered as a superior skill in the subordinate categorization of highly similar objects that involves holistic processing, we ask here whether expertise is consequential also for basic-level categorization and even if holistic processes are not possible. To achieve the above goals, we conducted an experiment, which was almost identical to the explicit categorization experiment in our previous study (Harel et al., 2007, Experiment 1) . Two critical additions distinguished, however, the current experiment from the previous one. First, in order to test the influence of acquired expertise on fragment categorization, a group of car experts participated in the experiment in addition to a new control group of novices. Second, fragments of a third category of objects, which neither group was expert with (passenger airplanes), replaced the "non-class" fragments (used as baseline in Harel et al.'s Experiment 1). Thus, both groups were experts with faces, only one group was expert with cars, and none of the groups was expert with airplanes. By using these categories of fragments, we were able to manipulate expertise both within subject and between the two groups.
We hypothesized that if car expertise leads to changes in visual processing strategies as reflected by the utilization of MI contained in the car fragments, several outcomes are possible. One is that the slope of the RT curve as a function of MI should be steeper in experts than novices, that is, experts should reach a plateau faster than novices. This would be so if the MI in each car fragment is more informative for experts than novices (suggesting that the experts are more efficient in their MI utilization).
For example, if this assumption is correct, the diagnostic information that an expert can obtain from a fragment with little MI should parallel what a novice might be able to obtain only from a fragment with higher MI. Hence, comparing experts relative to novices, this should manifest in a shift to the left of the graph presenting the RT as function of the MI level and a shift to the right in accuracy level as a function of MI. Further, whereas both novices and car experts might show equivalent performance while categorizing car fragments with high MI conditions, a difference between the groups might emerge at low levels of MI, implying that experts are better at extracting the full available information from the lower MI features. Such a result would imply that although MI is an observer-independent measure of feature diagnosticity, its utility for categorization might differ with varying levels of the observer's experience. Alternatively, it is possible that expertise does not only entail changes in processing strategies but influence basic-level categorization in other ways. If so, the categorization of car fragments should be overall faster and more accurate for experts than novices, but this difference would be similar across all MI levels. Such an outcome might suggest that the effect of expertise on basic-level categorization (at least for image fragments) is not manifested as changes in representations but rather as an enhancement or facilitation of existing categorization mechanisms, potentially involving top-down processes (such as expectations, prior knowledge, or attention). In line with this conjecture, a recent fMRI study demonstrated that expertise effects stem primarily from the enhanced engagement of experts with objects from their domain of expertise (Harel, Gilaie-Dotan, Malach, & Bentin, 2010) . Finally, a third option is that there will be no difference between the car experts and novices in the categorization of car fragments. This might imply that the advantage provided by expertise depends on the ability to apply expert-specific processing strategies or that is not expressed as the extraction of mutual information from image fragments. In either case, this outcome would suggest that the fragment-based approach may fail to capture the dynamics of expert object recognition.
Methods Participants
Twelve male car experts (21-42 years, M = 26.4) and sixteen male undergraduate students from the Hebrew University of Jerusalem who were not experts with cars (19-31 years, M = 25.2) participated in the study. Novices were matched in age, gender, and education to the experts.
1 Both groups received monetary compensation for their participation. Experts were defined in a previous independent study (Harel et al., 2010) based on their significantly superior performance relative to novices in a perceptual discrimination task of whole car images. The car experts' selection procedure was inspired by a previous study (Gauthier, Skudlarski, Gore, & Anderson, 2000) and required subordinate categorization: In each trial, candidates had to determine whether 2 cars presented sequentially (for 500 ms each and separated by 500-ms interstimulus interval) were of the same model (e.g., "Honda Civic" or not). The 2 cars in each trial were always of the same make (e.g., Honda) but differed in year of production, color, angle, and direction of presentation. Overall, the task consisted of 80 pairs of cars (half same model, half different model) and all of the car images were of frequently encountered models from recent years. Expertise was defined at least at 83% accuracy on this task, whereas the average accuracy of novices was at chance (È50%). To assure that the expertise displayed by the car experts was category specific, all participants performed an analog task with passenger airplanes. The ability of car experts and car novices to discriminate between airplanes was equivalent (see further details in Harel et al., 2010) . All participants had normal or corrected-to-normal visual acuity and no history of psychiatric or neurological disorders. Participants signed an informed written consent according to the Institutional Review Board of the Hebrew University.
Stimuli selection
Informative fragments were extracted from training images using the algorithm described by Ullman et al. (2002) and briefly summarized below. The face and car fragments were the same used in Harel et al. (2007) . The airplane fragments were extracted from a total of 470 airplane images downloaded from the web, with image sizes ranging from 150 Â 200 to 200 Â 250 pixels. The fragment selection process initially extracts a large number of candidate fragments at multiple positions, sizes, and scale from the object images. The information supplied by each candidate fragment is estimated by detecting it in the training images (for full details of the fragment selection procedure, see Harel et al., 2007; Ullman et al., 2002) .
The most informative fragments found for different categorization tasks are typically of intermediate complexity (IC), including intermediate size at high resolution and larger size at intermediate resolution. The reason is that to be informative, a feature should be present with high likelihood in category examples, and low likelihood in non-category examples. These requirements are optimized by IC features: A large and complex object fragment is unlikely to be present in non-category images, but its detection likelihood in different category examples also decreases; conversely, simple local fragments are often found in both category and non-category images.
The stimuli used in the experiment were 500 car fragments, 500 face fragments, and 500 airplane fragments (see Figure 1 for examples of stimuli). The MI range was 0.05-0.65 for face fragments, 0.04-0.35 for car fragments, and 0.01-0.45 for airplane fragments. This difference in the range of MI probably reflects intrinsic differences between face, car, and airplane images, most notably their within-category variation. Therefore, to allow valid comparison among categories, we divided the continuous MI range of each category of fragments into five consecutive discrete levels of equal size, ranging from 1 (lowest MI level) to 5 (highest MI level) with 100 different fragments within each level. The ordinal (rather than continuous) scale allowed direct comparison between categories with different ranges of MI. For the remaining of the text, we refer to the discrete values as MI level and to the continuous values as MI proper.
Experimental design and procedure
The 1500 fragments (100 Â 5 MI levels per category) were presented sequentially in a fully randomized order and the participants were instructed to categorize each fragment as a part of a face, a part of a car, or a part of an airplane by pressing one of three pre-designated buttons. The sequence was presented in 10 blocks of 150 trials each with a short break between blocks. At the end of each block, the participants received feedback about the performance accuracy in that block. Each stimulus was presented for 100 ms. A subsequent trial commenced only after a response was made. Stimuli were presented at fixation and seen from a distance of approximately 60 cm.
Results

Reaction times
Mean reaction times (RTs) for the different experimental conditions are presented in Figure 2 . Mean RTs were calculated based on correct responses only. Trials in which RT exceeded the mean of the particular condition T 2 standard deviations were also excluded. Mixed-model ANOVA with Group (car experts/novices) as a betweensubjects factor and Category (faces/cars/airplanes) and MI level (levels 1-5) as within-subject factors showed that there was no main effect of Group (F(1,26) G 1.00), but there was a significant Group Â Category interaction (F(2,52) = 3.56, MSE = 5862, p G 0.03). Across groups, there was a significant main effect of MI level (F(4,104) = 97.73, MSE = 2096, p G 0.001), similar for the two groups (MI level Â Group interaction, F(4,104) G 1.00). Post-hoc analysis revealed that participants were overall faster with increasing levels of MI, as a significant decrease in RT was noted between every two successive MI levels (all pairwise comparisons, p G 0.05, Bonferroni corrected) except for the difference between MI 4 and MI 5, which was not significant (p = 0.90). Importantly, the secondorder MI level Â Category Â Group interaction was not significant (F(8,208 ) G 1.00), which indicates that the expertise effect (i.e., the Group Â Category interaction) was similar across all MI values.
To explore the source of the Group Â Category interaction, separate one-way ANOVAs with Category as an independent variable were conducted separately for each group of participants. A significant main effect of Category was evident in novices (F(2,30) = 16.61, MSE = 1120, p G 0.001). Pairwise comparisons showed that the categorization of face and airplane fragments was equally fast (p È 1.00) and both were categorized significantly faster than car fragments (Figure 2A ; p G 0.0001 and p G 0.002, respectively). In contrast, for car experts there was no significant effect of Category ( Figure 2B ; F(2,22) = 1.94, MSE = 1242, p 9 0.16). Thus, in contrast to novices, the car experts categorized fragments of cars as fast as they categorized fragments of faces and airplanes.
2 As can be seen from Figure 2C , this major difference was expressed as an overall modulation of the RTs across all MI levels, which is reflected in the similar shape of the RT curves for car fragments. Finally, a significant MI level Â Category interaction (F(8,208) = 17.12, MSE = 1068, p G 0.001) revealed slightly different patterns of MI utilization for each category of fragments. A separate one-way ANOVA with MI level as an independent variable was conducted for each category of fragments. The effect of MI level was significant for all three categories (airplanes: F(4,108) = 35.14, MSE = 1273, p G 0.001; cars: F(4,108) = 61.67, MSE = 1957, p G 0.001; faces: F(4,108) = 90.56, MSE = 938, p G 0.001). Post-hoc analyses showed that for airplane fragments, there was a constant decrease in RTs as a function of MI level until it reached the fourth level (pairwise comparisons, p G 0.05, Bonferroni corrected) and then RTs increased 30 ms from the fourth to the fifth MI level (p G 0.001). For face fragments, there was no significant difference between the first and second levels of MI (p = 0.60), but afterward, there was a constant decrease in categorization speed (pairwise comparisons between successive MI levels, p G 0.05). A similar pattern of decreasing RTs as a function of MI level starting from the second level of MI was also found in the car fragments. Additional analyses of within-session learning effects on RT are reported in the Supplementary materials.
Signal detection analysis-dV
In order to determine the ability of the participants to distinguish each category from the other two, we calculated separately dVvalues for each category collapsing across the other two categories. Mean dVvalues for the different experimental conditions are presented in Figure 3 . Mixed-model ANOVA with Group (car experts/novices) as a between-subjects factor and Category (faces/cars/ airplanes) and MI level (levels 1-5) as within-subject factors showed a significant main effect of MI level (F(4,104) = 447.88, MSE = 0.12, p G 0.001), similar for both groups (MI level Â Group interaction F(4,104) G 1.00) with sensitivity increasing monotonically with increasing levels of MI (all pairwise comparisons, p G 0.01, Bonferroni corrected). There was a main effect of Category (F(2,52) = 113.44, MSE = 0.07, p G 0.001) with face fragments better categorized than airplane fragments, which, in turn, were better categorized than car fragments (all pairwise comparisons, p G 0.01, Bonferroni corrected). There was no main effect of Group (F(1,26) = 1.21, MSE = 1.52, p = 0.28), but the interaction between Group and Category was significant (F(2,52) = 5.30, MSE = 0.07, p G 0.01). Follow-up analyses of the Group Â Category interaction showed no significant differences between the two groups for any of the categories, although there was a slight trend showing a novice advantage in the face fragments (airplane fragments: t(26) = 0.20, p 9 0.80; car fragments: t(26) = 1.12, p 9 0.25; face fragments: t(26) = 1.85, p 9 0.07). Note that the RT data also failed to show any significant differences between groups (Footnote 2 above). Finally, in addition to the Group Â Category interaction, the dVanalysis revealed a significant MI level Â Category Â Group interaction (F(8,208) = 2.17, MSE = 0.04, p G 0.04).
In order to explore the three-way interaction, we conducted separate two-way ANOVAs with Category and Group as independent variables for each MI level. Interestingly, in all MI levels but the fourth, the Category Â Group interaction did not reach significance (MI 1: F(2.52) = 1.46, MSE = 0.03, p 9 0.20; MI 2: F(2.52) = 1.70, MSE = 0.02, p 9 0.19; MI 3: F(2.52) G 1.00; MI 4: F(2.52) = 12.26, MSE = 0.05, p G 0.001; MI 5: F(2.52) G 1.00). To formally compare how the experts and novices differed in their categorization of fragments from different object categories at the fourth MI level, we conducted separate t-tests for each category. Notably, the experts and novices did not differ in their categorization sensitivity of the car fragments at the fourth MI level (t(26) = 1.21, p 9 0.20). There was a novice advantage for categorizing face fragments (t(26) = 3.30, p G 0.003) but no difference between the two groups for the airplane fragments (t(26) = j0.86, p 9 0.35). Finally, in each of the MI levels, there was no main effect of Group (p 9 0.15, for all five comparisons). In sum, perceptual categorization sensitivity to variations in MI level did not differ between car experts and car novices either for car fragments or for airplane and face fragments. Experts and novices showed a very similar pattern of increased sensitivity with increasing MI level for all categories (with some interactions reflecting minor differences in performance between the two groups). The next step was to assess whether the faster RTs to cars in car experts relative to novices might have reflected a response bias.
Signal detection analysis-Response criterion
Like dV the criteria (c) for the different experimental conditions were calculated separately for each category, collapsing across the other two categories. Based on this procedure, a negative c-value reflects a bias for categorizing the fragment as belonging to that particular category compared to the other two categories. The mean criteria values for the different experimental conditions are presented in Figure 4 . Mixed-model ANOVA with Group (car experts/novices) as a between-subjects factor and Category (faces/cars/airplanes) and MI level (levels 1-5) as within-subject factors showed that across the two groups, there were significant main effects of MI level (F(4,104) = 84.00, MSE = 0.01, p G 0.001) and Category (F(2,52) = 34.36, MSE = 0.25, p G 0.001) and a tendency for a Group effect (F(1,26) = 3.53, MSE = 0.06, p = 0.07). These main effects were qualified by interactions with Group, which were all significant (MI level Â Group: F(4,104) = 2.86, MSE = 0.01, p G 0.03; Category Â Group: F(2,52) = 5.20, MSE = 0.25, p G 0.01; MI level Â Category Â Group: F(8,208) = 2.05, MSE = 0.03, p G 0.05). To evaluate the source of these interactions, separate ANOVAs were conducted for each category of fragments with Group and MI level as independent variables.
For car fragments, the MI level Â Group interaction was not significant (F(4,104) G 1.00). Both main effects of MI level and Group were significant (F(4,104) = 27.76, MSE = 0.02, p G 0.001; F(1,26) = 3.92, MSE = 0.13, p = 0.05, respectively). In both groups, the bias to respond "car" was statistically significant (relative to c = 0; experts: t(11) = j12.56, p G 0.001; novices: t(15) = j7.40, p G 0.001). However, car experts had a larger bias to identify fragments as cars as suggested by an overall larger negative criterion than that found in the novice group (M experts = j0.47, SE = 0.04; M novices = j0.34, SE = 0.04).
In the airplane fragments, the MI level Â Group interaction was also not significant (F(4,104) = 2.10, MSE = 0.02, p 9 0.08). A significant MI level effect was evident (F(4,104) = 15.40, MSE = 0.02, p G 0.001), and like for cars, there was a tendency for a Group effect (F(1,26) = 3.81, MSE = 0.19, p = 0.06) with experts showing more negative criteria than the novices (M experts = j0.37, SE = 0.05; M novices = j0.22, SE = 0.04). Response criteria significantly differed from zero (experts: t(11) = j6.84, p G 0.001; novices: t(15) = j4.42, p G 0.001).
Finally, for face fragments, the MI level Â Group interaction was significant (F(4,104) = 3.57, MSE = 0.02, p G 0.01), in addition to significant main effects of MI level (F(4,104) = 3.29, MSE = 0.02, p G 0.02) and Group (F(1,26) = 7.40, MSE = 0.19, p G 0.02). In contrast to the previous two categories of fragments, in which the mean criterion of the experts was more negative than the mean criterion of the novices (i.e., a bias for identifying fragments as either cars or airplanes), in the face fragments the car experts were more conservative in their response bias, as reflected in their positive mean criterion (M = 0.17, SE = 0.05, significantly different from zero (t(11) = 4.00, p G 0.001)). Interestingly, the novices did not show a response bias, as their mean criterion was not significantly different from zero (t(15) = j0.53, p 9 0.30). The investigation of the significant MI level Â Group interaction was based on separate one-way ANOVAs for each group of participants with MI as an independent variable. Car experts did not show a significant effect of MI (F(4,44) G 1.00). The MI effect was significant for novices (F(4,60) = 9.05, MSE = 0.01, p G 0.01) but posthoc pairwise comparisons (Bonferroni corrected) revealed that this effect was primarily driven by the difference between the fourth level of MI (M = 0.11, SD = 0.24) and the other MI levels (all comparisons, p G 0.01), which did not significantly differ among themselves (all pairwise comparisons, p 9 0.05).
Discussion
The main question addressed in the present study was how experts utilize diagnostic visual information for basic-level object recognition. Using the fragment-based approach, we were able to assess the categorization performance of experts and novices as a function of a quantifiable measure (MI) known to have psychological and neural underpinnings (Harel et al., 2007; Hedge, Bart, & Kersten, 2008; Lerner, Epshtein, Ullman, & Malach, 2008; Nestor, Vettel, & Tarr, 2008) . Operationally, we asked how the effects of MI and the category of the fragments on their categorization are modulated by the expertise of the subjects. Along with the traditional view, car expertise was assessed by asking participants to make fine distinctions between different cars (i.e., subordinate categorization). Notably, in the fragment categorization task, participants were required to recognize the fragments by generalizing across exemplars from the same category and contrasting them with exemplars of other categories (i.e., basic-level categorization). Car fragments were recognized by car experts as fast as all other fragment categories, whereas novices were much slower to categorize car fragments relative to the face and airplane fragments. This pattern demonstrates an advantage of expertise even at basic-level categorization. Critically, the expert RT advantage was limited to cars, suggesting that it was specific to expertise rather than stemming from other group-related artifacts, such as increased motivation of the expert group relative to the novice. However, the RT advantage of the experts relative to novices was similar across all MI levels and the functions relating RT with MI level were roughly similar in shape for experts and novices. Moreover, whereas perceptual sensitivity of categorization (dV ) was positively correlated with MI level, this effect was not modulated by expertise. In fact, both car experts and novices were less accurate with car fragments than either face or airplane fragments.
If the advantage shown by car experts relative to novices in recognizing fragments of cars would entail higher sensitivity to the informational content of objects of expertise, then the expertise advantage should have been more conspicuous when recognition was difficult, that is, at lower MI levels. This should have manifested as larger differences between experts and novices at low rather than at high MI levels of car fragments, as a result of faster increase in RT in response to cars with decreasing MI levels in the car novice group. Hence, the similar effect of MI on the shape of the RT curves for experts and novices and the absence of expertise effect on dV suggest that the amount of information used at each level to categorize a fragment as representing a car was equal for car experts and car novices. In other words, while the present data demonstrate that expertise affects basic-level categorization, this effect does not seem to be related to enhanced sensitivity to the category information contained in the image fragments from the category of expertise. Instead, we interpret the faster RTs of the car experts in basic-level categorization of car fragments across all MI levels as a demonstration of a general interest in cars, perhaps mediated by attention, rather than a change in perceptual representations or visual processing of objects of expertise. Further support for this interpretation was provided by the signal detection analysis in the current study. Whereas the sensitivity (dV) analysis showed that car experts did not distinguish cars from other categories more accurately than novices, they had the highest response bias to car fragments (which might putatively explain the RT advantage). In other words, car experts tended to categorize the insufficiently defined fragments as parts of a car rather than as parts of faces or airplanes more than novices did. Thus, the current pattern of data leads to the conclusion that the usage of information in expert basic-level object recognition is not qualitatively different than in ordinary object recognition (for a similar view, see Biederman, Subramaniam, Bar, Kalocsai, & Fiser, 1999) . Rather, it suggests that top-down mechanisms (e.g., attention or faster access to knowledge) might influence expert basic-level categorization of IC fragments. Specifically, we suggest that the involvement of top-down mechanisms led to faster categorization of fragments from the category of expertise even though the fragments by themselves were equally informative for the experts as they were for the novices.
A recent fMRI study provides neural evidence pointing to the same conclusion (Harel et al., 2010) . That study showed that the neural expressions of expertise are topdown modulated by the engagement of the experts with objects from their domain of expertise. When car experts were highly engaged in recognition of cars, a widespread pattern of BOLD activation emerged across multiple cortical areas, encompassing early visual areas as well as frontoparietal attentional networks. In contrast, when the experts were instructed to ignore their objects of expertise, their unique pattern of BOLD activation was diminished becoming very similar to that of novices. These findings further indicate that, at least for basic-level categorization, expertise is not manifested in an automatic, stimulusdriven fashion but is rather modulated by top-down factors, such as attention and knowledge.
The current study continues and expands the findings of our previous fragment categorization study (Harel et al., 2007) . One of the main findings of that study was the difference in the shapes of the RT curves for car and face fragments. A question left open by this result was whether the difference between fragments of faces and objects (e.g., cars) could be generalized to other object categories. By adding a third category of objects and by comparing the performance of car experts and car novices, we were able to provide answers to this question. If the different patterns in MI utilization for different fragment categories reflect faceselectivity patterns (found for whole objects as well as for parts, see Bentin et al., 1996; Zion-Golumbic & Bentin, 2007) , one might expect that a similar difference would also be found between the face and airplane fragments. However, in the present study, face and airplane fragments were categorized in a very similar fashion, as reflected by both the shape of the RT change with MI and the range of absolute RTs. Moreover, categorization of car fragments by car novices differed from the categorization of airplane fragments. This pattern was also evident in the categorization sensitivity data, which suggest that the differences in MI utilization between face fragments and car fragments found in Harel et al. (2007) stemmed from differences in task difficulty (reflected by their accuracy data, see Experiments 1 and 2) rather than visual experience. This conclusion is valid particularly because if there was a difference between the experience that car novices had with cars and airplane, it should have been favoring cars, which are usually seen more frequent than airplanes. Yet, the novices in the present study categorized airplanes faster than cars. Presumably, this category effect reflects the additional processing time required by novices to evaluate the perceptual evidence provided by car fragments relative to airplane fragments and then reach a decision.
An implicit assumption concerning object recognition is that diagnostic information is reducible to isolated perceptual units, namely, the parts of the object. Parts are usually defined as "divisible, local components of an object that are segmented at points of discontinuity, are perceptually salient, and are usually identified by a linguistic label" (Tanaka & Gauthier, 1997, p. 5) . Indeed, a variety of studies over the years have shown that object parts are important and useful for everyday object recognition (Biederman, 1987; Borghi, 2004; Cave & Kosslyn, 1993; De Winter & Wagemans, 2006; Tversky, 1989; Tversky & Hemenway, 1984) . However, it is quite possible that the critical features for object recognition are not necessarily nameable parts. Peterson (2003) has suggested the term "partial configuration" to describe object representations that are smaller than an entire region or surface but at the same time specify a configuration of features rather than a single one. According to this suggestion, objects are represented by a number of overlapping partial configurations in the posterior parts of the ventral visual pathway (Peterson, 2003; Peterson & Skow, 2008) . Support for this hypothesis comes from the finding that certain cells in the inferotemporal cortex respond selectively to features of intermediate complexity (Tanaka, 1996 (Tanaka, , 2003 . The features of intermediate complexity are more complex than simple features, such as orientation, size, color, or texture, which are known to be extracted and represented by cells in V1, but at the same time are not sufficiently complex to represent natural objects, as well as complete parts of an object. Considered as "less than an object, more than a feature," the notion of intermediate level representations breaks away from the traditional dichotomy between parts, on the one hand, and their holistic configuration, on the other. Still, one may ask, if it is not parts or configuration of parts, how can object-diagnostic information be quantified? The current study focused on the fragment-based approach for object recognition as it offers an answer to this question by suggesting an objective experimenter-independent measure of feature diagnosticity (Ullman, 2007; Ullman & Sali, 2000; Ullman et al., 2002) . In that respect, the fragment-based approach for object recognition is extremely useful for describing stimulus information in basic-level expertise. First, the fragment-based model is not theoretically committed to either local parts, configuration of parts, or global shapes, since the selection process is initially based on extracting candidate fragments at multiple positions and of multiple sizes and scales.
3 This is a major advantage for studying basic-level expertise where the actual diagnostic information is not known in advance. Moreover, not only is the diagnostic information not available to the experimenter, but often it is also unavailable for explicit verbalization to the experts themselves (Palmeri et al., 2004) . Thus, the choice of MI as a key measure minimizes biases in selection and manipulation of specific stimuli dimensions. Second, the model explicitly quantifies the diagnostic value of each fragment for categorization by the measure of mutual information between fragment and category. This allows a direct and objective measure for the informativeness of different object parts for expert recognition. For example, one may directly compare two different parts of a car and predict their usefulness for car categorization.
Expertise in object recognition has been mainly characterized as a superior skill in subordinate categorization of objects (for a recent review, see Curby & Gauthier, 2010) . In contrast, the current study investigated expertise using a computational approach that emphasizes basiclevel rather than subordinate categorization. It is conceivable that expertise effects may manifest differently at basic and subordinate levels. For example, whereas the diagnostic cues needed to distinguish between two models of the same manufacturer might require expert knowledge, the distinction between cars, faces, and airplanes is based on knowledge shared by experts and novices. Yet it has now become widely acknowledged that expertise in object recognition is manifested at both basic and subordinate levels of categorization (Hershler & Hochstein, 2009; Johnson & Mervis, 1997; Scott et al., 2006; Wong et al., 2010; Wong, Palmeri, Rogers, Gore, & Gauthier, 2009) . From this perspective, it is possible that a general topdown bias rather than perceptual sensitivity is characteristic primarily to expert object recognition at the basic level. However, it still remains to be seen whether topdown effects are also manifested at expertise in subordinate categorization. While some authors strongly argue that subordinate expertise is an automatic perceptual skill (Richler, Cheung, Wong, & Gauthier, 2009; Richler, Wong, & Gauthier, 2011) , others suggest that subordinate expertise involves employing strategic knowledge of the diagnostic features rather than qualitative changes in perception (Amir, Xu, & Biederman, 2011; Biederman & Shiffrar, 1987; Biederman et al., 1999; Harel et al., 2010; Robbins & McKone, 2007) . Future studies of realworld experts (cf. Wong et al., 2009 ) will be needed to address this issue by teasing apart the role of knowledge and perceptual strategies in subordinate expertise.
It also remains an open question what is the role of intermediate complexity fragments in subordinate expert categorization and how fragments may support fine discriminations made by experts. One possibility is that experts learn to use a larger and richer set of fragments, including lower MI ones. Experts may become very familiar with very unique parts that consequently have lower MI (e.g., the grill of a particular Rolls Royce model, the taillights of a Ford Mustang, etc.). As these are very specific features, they are not on the whole representative of the entire category of cars (high MI), but they may be needed for identification. Support for this conjecture comes from a recent computational work showing that the optimal features for making subordinate distinctions are "sparse," that is, distinctive highly specific features that are nevertheless tolerant to variability in image appearance (Akselrod-Ballin & Ullman, 2008) . Critically, this work employed the same principal of information maximization used here but for the purpose of subordinate rather than basic-level categorization.
Finally, two recent studies using single-trial EEG analysis (Philiastides, Ratcliff, & Sajda, 2006; shed additional light on the possible mechanisms that underlie the expert categorization of intermediate complexity fragments. These studies investigated two stimulus-locked EEG components in a face vs. car categorization task, an early component (È170 ms post stimulus onset) and a late component (È300 ms post stimulus onset). Both were correlated with performance, but whereas the timing of the early component did not change as a function of task difficulty (manipulated by the level of phase coherence of the image), the late component was more delayed in time as a function of task difficulty and it was a better predictor of the subject's decision. This late component was taken to represent perceptual decisionmaking stages, driven by the accumulation of stimulus evidence, whereas the early component was taken to represent early perceptual processing. Interestingly, the time window of the late component in the above studies coincides with the peak latency of the N270, the ERP component found to be sensitive to the MI level contained in the fragments as well as to their category (Harel et al., 2007) . Although ERPs were not recorded in the current study, the finding that MI level modulated the "late" N270 could be considered additional evidence that expertise operates at a post-sensory stage, which reflects the accumulation of stimulus evidence, namely, the MI contained in the fragment. Of course, this hypothesis concerning the time window at which expertise operates should be further investigated in future research.
In summary, the current study shows that expertise in basic-level object recognition is not manifested as a peculiar or different pattern of diagnostic information usage concerning the category of expertise. Instead, we propose that expertise involves the application of top-down mechanisms (such as experience-based knowledge and attention) that allow the expert to overcome the inherent difficulty of the categorization task. Our findings show that the difference between car experts and novices was not in the way they categorized intermediate complexity car fragments but in the overall faster RTs of the car experts. Though the fragments by themselves were equally informative to the experts as they were to the novices, the experts overcame the need for additional processing time required for the novice to evaluate the perceptual evidence and reach a decision. We reason that this might be achieved by a greater allocation of resources to fragments from the category of expertise, leading to their faster categorization.
Footnotes
1
While all car experts were male, note that visual expertise is clearly not gender specific. Prior studies report both male and female experts in a variety of other domains of expertise, such as radiologists (Harley et al., 2009) , dog show judges (Robbins & McKone, 2007) , and bird experts (Tanaka & Curran, 2001 ).
2
A different and equally valid way of breaking down the Group Â Category interaction is to compare the speed of categorization between the two groups in each category separately. Notably, using this comparison, we found that although, descriptively, the experts showed a substantial RT advantage for the car fragments (È40 ms), this difference between the groups was not significant (t(26) = j1.35, p 9 0.18). Further, there was no significant difference in the speed of categorization of the two groups for the airplane and face fragments (t(26) = j0.42, p 9 0.65; t(26) = 0.21, p 9 0.80, respectively).
3
Hence, the name "fragments," as an informative image patch, may contain a fragment of an object part or even of a conjunction of object parts.
